Land surface albedo is an essential variable for surface energy and climate modeling as it describes the proportion of incident solar radiant flux that is reflected from the Earth's surface. To capture the temporal variability and spatial heterogeneity of the land surface, satellite remote sensing must be used to monitor albedo accurately at a global scale. However, large data gaps caused by cloud or ephemeral snow have slowed the adoption of satellite albedo products by the climate modeling community. To address the needs of this community, we used a number of temporal and spatial gap-filling strategies to improve the spatial and temporal coverage of the global land surface MODIS BRDF, albedo and NBAR products. A rigorous evaluation of the gap-filled values shows good agreement with original high quality data (RMSE = 0.027 for the NIR band albedo, 0.020 for the red band albedo). This global snow-free and cloudfree MODIS BRDF and albedo dataset (established from 2001 to 2015) offers unique opportunities to monitor and assess the impact of the changes on the Earth's land surface.
Introduction
Land surface albedo, the proportion of incident radiant flux that is reflected, describes the Earth's radiative energy budget and the exchange of radiative energy between the atmosphere and the land surface. The remaining incident radiant flux is absorbed by the Earth and drives land surface processes, such as photosynthesis, plant growth, evaporation, and snow melt. Thus, albedo is an essential climate variable and is required by climate, biogeochemical, hydrological, and weather forecast models at a variety of spatial and temporal scales (Campagnolo et al., 2016; Charney et al., 1977; Dickinson and Hanson, 1984; Lacaze and Maignan, 2006; Chase, 2007a,b, 2010; Martonchik, 1997; Martonchik et al., 2002; Morcrette et al., 2008; Rahman et al., 1993; Schaaf et al., 2002 Schaaf et al., , 2008 Schaaf et al., 2011; Wang et al., 2004 Wang et al., , 2016 Zoogman et al., 2016) .
Remote sensing provides the only realistic way to capture land surface albedo at a global scale. As multi-angle data from remote sensing sensors such as AVHRR (Advanced Very High Resolution Radiometer), POLDER (POLarization and Directionality of the Earth's Reflectances), MISR (Multi-angle Imaging SpectroRadiometer), MODIS (Moderate-Resolution Imaging Spectroradiometer), and VIIRS (Visible Infrared Imaging Radiometer Suite) have become available, the retrieval of remotely sensed measures of reflectance anisotropy has been adopted as the most flexible method to accurately derive surface albedo (d 'Entremont et al., 1999; Diner et al., 2008; Hautecoeur and Leroy, 1998; Hu et al., 2000; Leroy et al., 1997; Lucht et al., 2000; Privette et al., 1997; Schaaf et al., 2008 Schaaf et al., , 2011 Schaaf et al., , 2002 Sütterlin et al., 2015; Wanner et al., 1997) .
MODIS provides multi-angle observations of each location on the Earth's surface, nearly every day, in order to sample the Bidirectional Reflectance Distribution Function (BRDF) of that location. High quality, cloud-free, directional surface reflectances from both Terra and Aqua are accumulated during 16-day periods and used to derive gridded (500 m) land surface BRDF model parameters, albedo, and NBAR (Nadir-BRDF Adjusted Reflectance) products Schaaf et al., 2002 Schaaf et al., , 2011 . These operational MODIS products have been available since the launch of Terra in 2000, and have been validated by various rigorous assessment efforts (Cescatti et al., 2012; Liang et al., 2003; Lucht et al., 2000; Román et al., 2010; Salomon et al., 2006; Wang et al., 2012 Wang et al., , 2014 . The MODIS BRDF products have been used to establish surface vegetation structure and roughness (Chopping et al., 2011; Hill et al., 2011 Hill et al., , 2008 Hill et al., , 2012 Jiao et al., 2014; Wang et al., 2011) . The MODIS albedo products have been used by various modeling communities (Kala et al., 2014; Chase, 2007a,b, 2010; Morcrette et al., 2008; Myhre et al., 2005; Oleson et al., 2003; Roesch et al., 2004; Roy et al., 2016; Wang et al., 2004; Zhou et al., 2003) . The NBAR product, and the vegetation indices derived from NBAR, are the primary inputs to the MODIS land cover and phenology products and are also being used for regional crop and range monitoring applications (Friedl et al., 2010; Glanz et al., 2014; Hill et al., 2016; Zhang et al., 2003 Zhang et al., , 2012 Zhang et al., , 2002 Zhou et al., 2016) .
However, data gaps caused by cloud or ephemeral snow have somewhat reduced the adoption and application of the operational gridded MODIS anisotropy products (BRDF, albedo, and NBAR). In the Inter-Tropical Convergence Zone (ITCZ) dominated regions, for example, clouds may last for several months which results in long gaps in the anisotropy products. Persistent clouds during the monsoon seasons in India and Southeast Asia also contaminate the anisotropy products and limit their utilization. Modelers often prefer to initialize models with snow-free fields and ephemeral snow seasonally covers large areas of North America and Asia. These regions are particularly critical for modeling efforts in light of climate change.
The purpose of this research is to present and evaluate the high quality global, cloud free, seasonally snow free BRDF, albedo, and NBAR products that have been developed for modeling of the Earth's surface radiation and monitoring of the surface vegetation. This gap-filled dataset utilizes the V005 MODIS 30 arc-second (approximately 1 km at the equator) CMG (climate modeling grid) anisotropy products. Previous coarser resolution (1 arc minute) gap-filling efforts had been made with the MODIS V004 albedo product (Moody et al., 2005 (Moody et al., , 2008 but never with the underlying BRDF product. An initial albedo gap-filling has also been applied to the coarse resolution 0.05 • (or 3 arc-minute, about 6 km at the equator) MODIS V005 CMG albedo product (Zhang, 2009) . However, here, gap-filling techniques are applied to the three BRDF model parameters and then these gap-filled BRDF model parameters are then used to calculate the appropriate gap-filled, snow-free, white-sky albedo, black-sky albedo and NBAR global products.
Data
The operational MODIS BRDF, Albedo, and NBAR algorithm makes use of a linear combination of an isotropic parameter and two kernels (Roujean et al., 1992) : the RossThick kernel which is derived from radiative transfer modeling (Ross, 1981) , and the LiSparseReciprocal kernel which is based on surface scattering and geometric optical mutual shadowing (Li and Strahler, 1992) . The MOD43D CMG product (V005) provides the three kernel weights (ISO, VOL, and GEO) for the RossThick-LiSparseReciprocal model at a 30 arc-second resolution once every 8 days. The primary gap-filling method applied to the BRDF parameter data is based on temporal fitting. When temporal fitting does not produce reliable results, a secondary spatial fit is attempted using the International Geosphere-Biosphere Programme (IGBP) land cover layer from the 500 m yearly V005 MCD12Q1 product (Friedl et al., 2010) . The land cover layer is re-projected to a geographic latitude/longitude projection, aggregated to 30 arc-second, and used sparingly for spatial fitting and spatial smoothing in areas of particularly persistent gaps.
Methods
To create the gap-filled product, we apply temporal fitting techniques, based on vegetation phenology (assisted by spatial fitting techniques), to the global 30arc-second V005 MCD43D CMG BRDF products in order to compensate for missing data and to estimate snow-free situations. We initially apply a temporal fitting method to fill the gaps by creating and fitting each pixel to a one and a half year time series. If the temporal method fails due to limited high quality retrievals, then spatial processes based on land cover mapping are used to fill the gaps with lower quality values. The flowchart is shown in Fig. 1. 
Preprocessing
To generate a snow-free product, pixels with ephemeral snow are removed using the MCD43D34 snow flags (derived from the flags in the original underlying surface relectance data (MO/YD09)). In addition, as the MCD43 products are not recommended for use with solar zenith angles (SZA) beyond 70 • , we have removed all of the data for SZA > 70 • before initiating the gap filling procedures.
Despite rigorous cloud clearing and atmospheric correction, the original V005 MCD43D products are still contaminated by residual cloud and snow in some regions. This is especially true in the Amazon and in equatorial West Africa, and in high latitude areas. This contamination occurs when the 500 m standard BRDF product (MCD43A1) is averaged and re-projected to form the 30 arc-second V005 MCD43D parameters. In the averaging process, the quality flag associated with the 30 arc-second average value represents the majority quality of the underlying 500 m pixels. This majority quality assignment strategy works well in most regions of the world, but in some areas (the ITCZ dominated regions for example), the MCD43D pixels flagged as majority high quality may actually still contain some residual cloud contamination, (e.g., one 30 arc-second pixel can still be flagged as majority high quality when it is actually derived from an average of three 500 m high quality pixels and one poor quality cloud contaminated pixel). This allows some residual cloud contamination to persist in the V005 MCD43D product (Note that this effect has been removed in the upcoming Collection V006 MCD43D products by performing an explicit retrieval for the 30 arc-second data with appropriate QA rather than averaging the underlying 500 m data and assigning a majority QA flag).
For V005 however, a median value based outlier removal algorithm (Leys et al., 2013 ) is applied before the temporal fitting to eliminate these residual cloud and snow contaminated values.
Because even values flagged as high quality in the V005 MCD43D may still be contaminated, the outlier removal algorithm is also applied on the high quality values, but with a more conservative threshold to preserve as many of the original high quality values from MCD43D as possible.
Temporal fit
The software package, TIMESAT was developed to analyze time series of remote sensing data (Jonsson and Eklundh, 2002; Jönsson and Eklundh, 2004) . The asymmetric Gaussian fitting method in this package was used to produce spatially and temporally continuous MODIS LAI based on seasonal vegetation phenology. In this research, the modified asymmetric Gaussian functions in TIMESAT have been applied to the MCD43D BRDF parameters to compensate for missing data. Much like the resulting albedo and NBAR products, the three BRDF parameters exhibit seasonality ( Fig. 2) , which is the basis for fitting with the TIMESAT package. The base function of the asymmetric Gaussian model is
Where
Where c 1 and c 2 represent the base level and the amplitude. a 1 defines the position of the maximum or minimum with respect to the independent time variable t, while a 2 and a 3 determine the width and flatness (kurtosis) when t > a 1 (first half of the season), and a 4 and a 5 determine the width and flatness of the second half of the season (Jonsson and Eklundh, 2002) . A total of 76 8-day periods are used to form the time series for the temporal fitting procedure. This includes 46 periods from the processing year of interest, 15 from the end of the previous year, and 15 from the beginning of the following year. This one and a half year time period was chosen to include as many high quality values as possible and reduce failures in the temporal fit. In addition, the one and a half year period ensures the time series data is primarily from the year of interest and avoids the over-smoothing of inter-annual variations that can occur in time series over multiple year.
The temporal fit is driven primarily by the highest quality MCD43D data. However, low quality MCD43D data are also utilized in the initial fitting algorithms. In addition, to avoid a TIMESAT failure due to extended periods of insufficient data due to cloud 2. An example of temporal fit for the three BRDF parameters. This pixel is from the V005 MCD43D NIR band. Note that in V005 MCD43D, only one band of QA is provided. As such, a high quality flag may not always indicate high quality values across all the bands. For example, the time period 33 in this figure is flagged as high quality but may actually be a low quality retrieval. In the V006 all band quality flags will be provided.
or ephemeral snow, an initial linear interpolation is employed to fill these no-data intervals. All data are weighted by their QA flags when the asymmetric Gaussian functions are applied, with both the original low quality MODIS data and interpolated data points flagged as low-quality values. This QA flag ensures the overall fit is primarily driven by high quality data and the low quality data only serve as a first guess to condition the temporal fit of the time series. The low quality data will eventually be replaced with the refined estimations from the asymmetric Gaussian functions. However, high-quality data from MCD43D are unchanged during the temporal fitting process (Fig. 2) .
In cases where there are only a few valid values within the entire 76 period time series, this temporal fitting process is unable to accurately fill in the gaps. In such cases, initial spatial fits are applied as described in Sections 3.3 and 3.4 and the resultant pixels are flagged accordingly.
Spatial fit when a temporal fit is not possible
When a spatial fit is necessary, the mean value of the nearby pixels (within 120 rows, or 1 • of latitude in the same continent) with the same land cover type is calculated and used as a background time series curve. The no-data pixels are then filled according to this background curve and then adjusted by any actually available data points in the time series. The adjustment is again weighted by the QA of the original data. This method can be only applied to pixels that have at least one valid value in the time series to adjust the mean phenology shape from nearby pixels. The spatial fit function is:
Where F is the adjusting factor, n is the number of available values V i in the time series, Wt is the weight of the value according to its QA, and M is the mean value of nearby pixels. V j is the gap in the time series.
Spatial smoothing
A spatial smoothing method is applied to the pixels that still do not have any data values after the temporal fit and spatial fit. In this step, the no-data pixels are filled by the background value calculated in spatial fit process.
At last, the three broad bands of VIS, NIR, and shortwave parameters are prepared from the gap-filled narrowband BRDF parameters using the narrow-to-broad band coefficients (Liang et al., 1999) . The white-sky albedo and black-sky albedo at local solar noon are cal- culated for each narrow band and broad band, and the NBAR at local solar noon is calculated for each narrow band.
Note that actual albedo (or blue-sky albedo) (Lewis and Barnsley, 1994; Román et al., 2010) can be further produced from a combination of the gap-filled white-sky albedo and black-sky albedo with a fraction of diffuse skylight (which can be derived from aerosol optical depth (AOD) data, such as the MOD04 aerosol product (Remer et al., 2005) ).
Results and evaluation
We have generated a global MODIS gap-filled, seasonal-snow free BRDF, albedo, and NBAR dataset (Fig. 3) at 30 arc-second spatial resolution and 8-day temporal resolution for the entire MODIS era from 2001 to 2015. The aforementioned data layers and associated QA flags indicating the process status are all provided. Most of the areas with gaps can be filled using the temporal fitting procedure (gray areas in Fig. 3b) while the high quality areas remain unchanged (green areas in Fig. 3b) .
To evaluate the ability of the initial outlier removal algorithm procedure to identify outliers caused by snow and clouds, two areas are investigated in depth. As previously described, Equatorial Africa often retains residual cloud cover in the original 8-day data. In addition, areas in Canada often retain residual snow cover that was not correctly flagged in the original MCD43D products. The outlier removal method is applied and is shown to remove most of the cloud and snow contaminations in the final gap-filled dataset (Fig. 4) . Permanent snow is not removed in this procedure. To assess the quality of the gap-filled product, we compare the gap-filled values with original high quality values. This comparison was done by randomly selecting 2% of all the land pixels for further analysis. For each selected pixel one high-quality value was randomly removed from the time series and replaced with a fill value. The gap-filling processes were then applied and, for each pixel, the gap-filled BRDF parameters, WSA, BSA and NBAR are compared with the original high quality values for that location. The root-mean-square error (RMSE) ( Table 1 ) and bias (gap-filled minus original) ( Table 2 ) is calculated for band 1 (red) and band 2 (NIR). Since albedo in the NIR band has the largest dynamic range due to vegetation, the discussion below is based on the NIR band.
The gap-filled BRDF parameters reflect an RMSE of around 0.05 for the ISO and VOL parameters, and 0.02 for the GEO parameter. The VOL parameter has the largest prediction error, with an RMSE of around 0.05 and a bias of 0.02 (Tables 1, 2, Fig. 6 ). Most of the gaps were filled by the temporal fit method so the overall accuracy 
Table 2
Bias between the gap-filled and the original BRDF parameters, WSA, BSA, and NBAR for the NIR (left column) and red bands (right column). is close to the temporal fit accuracy. Generally, the accuracy for the temporal fit and the spatial fit is higher than the accuracy of spatial smoothing. We also calculated the WSA, BSA, and NBAR values based on the BRDF parameters, and compared the gap-filled with the original high quality values. The temporally fit results show good accuracy (RMSE 0.025-0.027) with an R-square of 0.99 (Figs. 8-10 ) as compared to the original high quality data. The RMSE of results from the spatial fit is around 0.019, though relatively few pixels were filled by this process. Most of the histograms of the differences between the total gap-filled albedo and NBAR and the original albedo and NBAR (Figs. 8-10 ) are almost symmetrical, with the 0 in the center.
The gap-filled BRDF shape is also assessed in comparison to the original high quality BRDF (Fig. 11 ) retrievals. One pixel was randomly selected for each land cover type from those pixels with a prediction error of 0.027. This threshold was selected as it is the overall standard deviation of the gap-filled data vs. the original data (Table 1 ). Fig. 11 shows that the BRDF shapes of the gap-filled pixels and the original high quality pixels are close when the view zenith angle is within recommended thresholds (<70 • ).
To further evaluate the gap-filled data product, we divided the global map horizontally by latitude into 90 parts, with each part a two-degree latitude bin (240 rows). Based on the same randomly selected evaluation data that used for the quantitative analysis (Figs. 5-10 ) , averages of the three BRDF parameters and the whitesky albedo over each two-degree bin were calculated for each land cover type for both the gap-filled (including all the temporally fit, spatially fit, and spatially smoothed) and the original values. Pixels of Croplands, Mixed Forest, Open Shrublands, and Grasslands were evaluated and the gap-filled and original values were compared (Fig. 12) . For each selected land cover type, particular latitude bins were chosen according to their spatial distribution to demonstrate the phenology curves (Fig. 13) . From these figures it is clear that the gap-filled curves agree well with the original values.
Discussion
The temporal fit and spatial fit show better accuracy than the spatial smoothing. The spatial smoothing is the last step to ensure an entirely gap-free product as required by modelers and is expected to provide the poorest quality results since it utilizes the mean value of nearby pixels, directly without adjustment. However, a very limited number of pixels were filled by this method and most of them are concentrated in high latitude areas (Fig. 3) . Some of the clusters of spatially smoothed pixels are caused by the discrepancy between the MODIS albedo product and the land cover map used. For example, if all of the available time series of a MCD43D pixel indicate it is a snow-albedo, but the land cover map shows it is water (instead of permanent snow), then all the original snow values will be removed and this pixel will be filled by the spatial smoothing method because none of available data points are flagged as water in this time series.
The gap-filling accuracy is higher for the ISO and GEO than the VOL parameter. This may be caused by the more dynamic changes of the volume scattering characteristics of vegetation during the leaf on periods (Fig. 2) . We also evaluated the albedo and NBAR derived from the three BRDF parameters, and the results show that the gap-filling accuracy for albedo and NBAR is even higher than the accuracy for the BRDF parameters. Compared with the original high quality data, the overall gap-filling accuracy is 0.027 for the WSA, and 0.025 for the BSA and NBAR.
The gap-filled values agree well with the original data both spatially and temporally (Figs. 12, 13) . The gap-filled VOL parameter does not seem to perform quite as well as the ISO and GEO, but it still catches the trends of the original data. And more importantly, the WSA derived from the three gap-filled BRDF parameters agrees well with the original WSA values. Some spikes can be seen in Fig. 12 and these spikes were caused by the uneven distribution of the pixels among the latitude bins. When there are only a few pixels available in a latitude bin (e.g., less than 10), then the mean value can be strongly affected by any errors in the classification map used. The classification map is aggregated from 500 m to 30 arc-second and as such, each land cover type in the 30 arc-second grid represents the majority of the underlying 500 m pixels of the MCD12Q1, a strategy which may induce additional errors. Some large disagreements between the gap-filled values and the original values can be seen on day 001 for Croplands and Open Shrublands at around 5 • S (Fig. 12a) , on day 185 for Croplands, Open Shrublands, and Grasslands at around 15 • N, and for Mixed Forest around 30 • N (Fig. 12b) . However, all of these large disagreements occur where there were less than 10 pixels available. The curves in Fig. 13 are much smoother and the gap-filled and original values match much better. This is because the particular latitude bin that was selected had the maximum number of pixels for each class so there were plenty of pixels available to calculate the means. There is also a large difference between the gap-filled and the original values for the Croplands at around 20 • N where there are relatively more pixels of Crop than for other latitude bins (Fig. 12a) . Pixels of cropland in this latitude range are concentrated in the India monsoon region (Fig. 14) , which leads to higher chance of pixels being cloud contaminated and fewer high quality values available for the gap-filling. Similarly, the disagreements for Open Shrublands and Grasslands around 15 • N (Fig. 12b) can also be caused by the residual cloud contamination from the ITCZ. These disagreements indicate that the VOL parameter is more vulnerable to cloud contamination, and is overestimated when such cloud contamination occurs. This may explain why the gap-filled VOL parameter is sometimes a little bit higher than the original value (remember that the V005 MCD43D is an averaged product and if any of the 4 underlying 500 m pixel was contaminated the result 1 km (or 30 arc-second) value will be affected). In this work, we use the same gap-filling methods for both vegetated and non-vegetated pixels to avoid implementing a fitting algorithm based specifically on a land cover map. By making this process independent of land cover, we avoid compounding any existing classification errors. In addition, as discussed earlier, the MODIS land cover map has been aggregated from a gridded 500 m map and thus it may include additional classification errors due to this reprojection process. Also note that, non-vegetated pixels typically have low seasonal variations and, consequently, have relatively flat time series. As such, the asymmetric Gaussian function may not work as well on these pixels. Even so, the fitting errors appear to be small as evidenced by the comparison values in Table 3 . Even if TIMESAT fails because it cannot detect seasonality, the results of the linear interpolation used in the preprocessing stage would appear to provide sufficiently good results. Another complicating scenario can arise in croplands with multiple cropping cycles. The time series for these regions will have more vegetation cycles than other vegetation types. However, the adapted asymmetric Gaussian function works well on these pixels with a RMSE of 0.028 for the temporal fit for Croplands.
Conclusions
Global gap-filled, snow-free BRDF parameters, intrinsic whitesky albedos and black-sky albedos (at local solar noon), and NBAR (MCD43GF) are generated for the years 2001-2015 and can be freely downloaded from our FTP server: ftp://rsftp.eeos.umb.edu/ data02/Gapfilled/. Gaps due to clouds and seasonal snow are primarily filled by the use of the asymmetric Gaussian functions in TIMESAT. Additional spatial fitting methods are applied as a last resort to produce a spatially and temporally complete moderate resolution land surface anisotropy dataset.
This gap-filled dataset provides not only the intrinsic albedo of the land surface, but also the gap-filled BRDF parameters. This allows modelers to calculate albedo and surface reflectance at any desired viewing angle and solar zenith angle and derive vegetation indices. The higher temporal resolution of the gap-filled dataset (8-day as opposed to 16-day in the coarser resolution MODIS albedo dataset produced earlier by Moody et al., 2005) provides modelers increased confidence in the product and the flexibility to compute albedo at intervals of only a few days. The higher spatial resolution (30 arc-second) of this dataset, as compared to the gap-filled datasets of 1 arc min (Moody et al., 2005) , and of 3 arc min (Zhang, 2009) , is closer to the scale of ground measurements and is more useful for describing the dynamics of change on the Earth's surface. Cross principal plane The spatially and temporally complete snow-free BRDF, Albedo and NBAR values have been largely developed for global modelers who require gap-free albedo as an input. However, users should pay strict attention to the QA flags provided (particularly the larger errors and biases of the spatially smoothed data), when using this gap filled dataset.
As previously discussed, the Collection V006 MCD43D is currently being reprocessed as a daily retrieval, and this product uses all clear sky high quality surface reflectances available within each 30 arc-second grid (instead of the method used in V005 MCD43D where the results are averaged from the underlying 500 m BRDF data and assigning a majority QA flag based on the majority QA flags of the underlying data). This strategy will improve the inversion quality associated with the MCD43D product and reduce some of the residual cloud and snow contamination. The development of the gap filling techniques and evaluation strategies for the V005 product, however, will be applicable to the future production of a gap-filled data set from the daily V006 MCD43D product as well. We will start to produce the gap-filled V006 MCD43D when the operational processing of the MCD43D is completed.
